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Abstract 
The Level Set Method has been widely used in image processing and computer vision. However, the Level Set Method has 
problems with stability and convergence. This arrangement often leads to either a complete breakdown or premature 
termination of the curve evolution process, the consequence of which is unsatisfactory results. Convergence and stability of 
the Level Set Method are controlled by the speed function and parameters of the Level Set Method. In this paper, we will 
present a modification of the speed function for image boundary detection. To preserve the boundary of an image and to 
remove noise, we use a diffusion filter to substitute a Gaussian Filter in the standard Level Set Method. After evaluating the 
experiments using a specific set of artificial images, we have found that the performance of those methods has been 
significantly improved. 
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1. Introduction 
Boundary detection is a fundamental task in computer vision, with wide application in areas such as feature 
extraction, object recognition and image segmentation [1]. The boundary detection problem is the problem of 
finding lines separating homogeneous regions. Active contour models have been extensively applied to image 
boundary detection [2-7]. There are several desirable advantages of active contour models over classical image 
segmentation methods, such as edge detection, thresholding, and region growth. The first advantage is that 
active contour models can achieve sub-pixel accuracy of object boundaries [5]. The second is that active 
contour models can be easily formulated under a principled energy minimization framework, and allow 
incorporation of various prior knowledge, such as shape and intensity distribution, for robust segmentation [6]. 
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The third advantage is that they can give smooth and closed contours as a segmentation result, which are 
necessary and can be readily used in further application, such as shape analysis and recognition.  
Existing active contour models can be categorized into two types: the classical method of Snakes and the 
Geometry Active Contours Method or the Level Set Method. The Level Set Method, introduced by Osher and 
Sethian [8], offers highly robust and accurate methods for tracking interfaces moving under complex motions. 
The basic idea of the Level Set Method is that the contour is represented by the zero level set of a higher 
dimensional function, called a level set function, and formulates the motion of the contour based on the 
evolution of the level set function.  
 The Level Set Method has been widely and successfully used for image boundary detection. The 
advantages of the Level Set Method over the classical method of Snakes, is that curves may break or merge 
naturally during an evolution, and their topological changes are thus automatically handled.  
The Level Set Method doesn’t work well on images with noise. This often leads to either a complete 
breakdown or premature/delayed termination of the curve evolution process, resulting in unsatisfactory results 
as shown in Fig. 1. The stability and convergence of the Level Set Method are influenced by the speed function 
and parameters of the level set. 
In this paper, we propose a method for the modification of the speed function in the Level Set Method for 
image boundary extraction. In the standard Level Set Method, Gaussian Filter is used to reduce noise. However 
there is a high possibility that the image boundary may become dull after applying a Gaussian Filter. Therefore, 
we use the Perona Malik Diffusion (PMD) filter to substitute the Gaussian Filter in the standard Level Set 
Method, because the PMD not only reduces noise but also effectively enhances the boundaries of images. The 
effectiveness of the proposed method is verified through the experiments we performed using artificial images. 
2. Boundary Image Detection 
Image segmentation is the process of partitioning a digital image into multiple segments. The goal of 
segmentation is to simplify and change the image into something that is more meaningful and easier to analyze. 
Image segmentation is typically used to locate objects and boundaries in images. The boundary of an image can 
provide valuable information for further image analysis and interpretation tasks.  
 
 
 
 
Fig. 1. A problem with the Level Set Method resulting in 
unsatisfactory result. 
 
Fig. 2. Speed function comparison between the  proposed 
methods (the solid line for 302 )]1/(1[ normGg   and  the dashed line 
for )30exp( 2normGg  )  and the previous method [4] (the dotted 
line). 
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A boundary is a contour in the image plane that represents a change in pixel ownership from one object or 
surface to another [9]. Real world images are processed via a computerized visual system (similar to that of 
humans) in order to produce boundaries. Those images are characterized by color, texture and non-texture (only  
regular luminance/color based) regions. Thus, boundaries can arise due to the adjacency of any of those regions 
in natural images. 
3. Anisotropic Diffusion Filter  
The anisotropic diffusion filter was originally proposed by Perona and Malik [10] in order to preserve the 
edges of an image. The basic idea behind the Perona and Malik Diffusion (PMD) process is to get an 
increasingly smoothed image ),,( tyxu  from an original image ),(0 yxu , indexed by a diffusion parameter t .  
The initial condition is given by: 
).,()0,,( 0 yxIyxI   (1) 
The discrete version of PMD is defined as follows: 
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where ),( yxs   and p  are the coordinates of the pixel of concern and its neighboring pixels, respectively. )(nsI  
is an intensity at s  with an iteration count n . sI represents the diffusion directions. sI  is the number of pixels 
in the neighboring area. O  is a parameter. A monotonically decreasing function of the gradient of an image is 
usually adopted as (.)g . The gradient of the image is calculated by: 
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where K is a parameter which controls the strength of diffusion. (.)g  takes a large value at the regions where 
the intensity gradients are low. On the contrary, it takes a low value at the regions where the intensity gradients 
are high. 
 
4. Level Set Method 
The Level Set Method has been applied in image processing and computer vision [2-7] in the context of 
active contours for image segmentation. Early active contour models are formulated in terms of a dynamic 
parametric contour 2),0[]1,0[:),( ofutsC with spatial parameter s  in ]1,0[ , which parameterizes the points 
in the contour, and a temporal variable ),0[ ft .  
  Let us consider a dynamic parametric contour )),,(),,(( tsytsxC  the curve evolution of which is defined 
by:   
,/ NFtC  ww  (5) 
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where t  is time, s  is a curve parameter, N  is an inward normal vector to the curve C  and F is a speed 
function that controls the motion of the contour. The curve evolution of equation (5) in terms of a 
parameterized contour can be converted to a level set formulation by embedding the dynamic contour as the 
zero level set of a time dependent level set function ).,,( tyxI  Assuming that the embedding the level set 
function I  takes negative values inside the zero level contour and positive values outside, the inward normal 
vector can be expressed as ,/ II  N  where   is a gradient operator. Then the curve evolution of 
equation (5) is converted to: 
,/ II  ww Ft  (6) 
 
which is referred to as a level set evolution equation.  
 In this paper, we use the Distance Regularized Level Set Evolution (DRLSE) Method, which is proposed 
by C. Li et. al. DRLSE not only eliminates the need for reinitialization, but also allows the use of more general 
and efficient initialization of the level set function.  
Let o::I  be a level set function defined on a domain : . Curve evolution of )(xI  that is used by the 
level set  is defined by:  
),()/()())((/ IGDIIIOGIIPI HH ggdivddivt p  ww  (7) 
 
where HG  is the Dirac delta function, div  is a divergence operator, and g  is a speed function. By solving 
equation (7), we can minimize the energy function )(IH which is approximated by:  
,)(/)()()( dxgHdxgdxp ³³³ :::  IDIIIGOIPIH HH  (8) 
where H is the Heaviside function.  
A speed function is represented by: 
),*(1/(1 2IGg V  (9) 
where VG is the Gaussian Filter and I is the image [4].  
5. Proposed Method 
In this paper, we propose a method for the modification of level set and diffusion filter for boundary image 
detection and image segmentation. The boundary detection procedure is summarized as follows: 
 
1. Input an image with speckle noise.  
2. Filter the image with speckle noise by using the PMD diffusion filter. 
3. Calculate the gradient magnitude of the image |),(| yxI . 
4. Normalize |),(| yxI  in range [0,1] which is defined by: 
.
)|),(|min()|),(|max(
)|),(|min(|),(|
yxIyxI
yxIyxIGnorm 
  (10) 
5. Calculate the modified speed function. In this paper we use two speed functions. They are defined by:  
,)]1/(1[ 2 nnormGg   (11) 
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and  
),exp( 2normbGg   (12) 
where n and b are constants. Constants n, and b will control the motion of the contour. We want to set g 
close to 1 at boundary and close to 0 for others as shown in Fig. 2. 
6. Initial contour of the level set is given.  
7. Calculate the contour evolution by using equation (7). 
8. Calculate the new contour.   
9. Repeat from step 7 to 8 until the number of iterations is equal to the maximum number of iterations. 
6. Experimental Results 
The proposed method is applied to two artificial images shown in Fig. 3. We will use elliptical and star-
shaped images. The ellipse represents a smooth image and the star image represents an image with many angles. 
We use images with speckle noise to evaluate the proposed method because in natural images there tends to be 
noise.  
Before we use the Level Set Method, we use the PMD filtering to reduce speckle noise. Artificial images 
after the PMD filtering are shown in Fig. 4. The performance of the proposed method has been compared with 
the previous method [4]. In the experiment, the parameters of the level set in equation (7) were empirically 
assigned as ,10 wt  ,/2.0 tw P  ,5 O  and 5.1 H . The contour of the level set is initialized irregularly and 
randomly. The initial contour of each image of the level set is shown in Fig. 5. Parameters n and b in a speed 
function are decided empirically. 
From the experimental results, we observe that the parameter D  influences the speed of contour motion in 
the Level Set Method. If it is a big value then the contour moves quickly, and if it is low then the reverse is true. 
Therefore we set the speed function as to have a big value in boundary area and a small value not in boundary 
area as shown in Fig. 2. Fig. 6 shows the boundary detection of image 1 with different D values. If D is too big, 
the contour tends to break down, but if D is too small, the contour tends to conclude prematurely. In the 
experiment, D  is set empirically by 0.6 and the maximum iteration is 10,000.  
Figs. 7 and 8 show the boundary detection results by each method. The boundaries are successfully detected 
by the proposed method. The standard speed function method with )|),(|1/(1 2yxIg   is terminated 
prematurely.  
Noise makes an image boundary unclear. The parameters n and b will reduce the strength of a diffusion 
filter around image boundary when the image boundary is unclear. This means that the parameters n and b 
should be decided accordingly based on image noise intensity. If the parameters are big then the strength of 
diffusion will be increased, and if they are small then the reverse is true. Choice of the parameter n and b is also 
dependent on the form of an object. The image with many angles needs big values of n and b.  When the 
parameters n and b are set to be 10, the image boundary of the star image of Fig. 3(b) could not be detected. 
After several experiments, the parameters n and b are finally set to be 30.   
Table 1 shows the number of iterations for each method before being converged.  From Table 1 it can be 
observed that the number of iterations for the proposed method is smaller than that for the method with the 
standard speed function. The proposed method with )30exp( 2normGg   and 
302 )]1/(1[ normGg   can detect the 
boundaries of the images faster than the method with the standard speed function.   
Fig. 9 shows the speed function values of each method. The standard speed function )|),(|1/(1 2yxIg   
has a low value not only in the boundary areas, but also in the other areas. It makes it difficult for the curve of 
the level set to move and tend to conclude prematurely. The speed function of the proposed method has the 
lowest values in image boundaries and the highest value in other areas. This means that the curve will 
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accelerate quickly from other areas and stop on the image boundary.  From the experiments we can observe that 
the proposed method is better than the previous method [4]. 
 
 
  
(a)  (b)   
 
Fig. 3.  Artifical images used to verify the effectiveness of the proposed method.  (a) Image 1; (b) image 2. 
 
  
 
  
(a)  (b)  
Fig. 4.  Results after PMD filtering. (a) Image 1; (b) image 2. 
   
 
 
  
(a)   (b)   
 
Fig. 5.  Initial contours. (a) Image 1; (b) image 2. 
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(a)  
  
(b)  (c)  
Fig. 6.  Results for boundary detection of image 1 using )|),(|1/(1 2yxIg  . (a) 5.1 D , number of iterations = 340; (b) 1 D , 
number of iteration is 850; (c) 9.0 D , number of iterations is 10,000. 
 
Table 1. Number of iterations.  
     
Speed function 
Number of iterations 
Image 1 Image 2 
The previous method [4] 10,000 10,000 
Diffusion filter with standard speed function 
)|),(|1/(1 2yxIg   10,000 10,000 
The proposed method with 302 )]1/(1[ normGg   1,710 1,080 
The proposed method with )30exp( 2normGg   1,698 1,066 
 
7. Conclusions 
We have proposed a method which involves the modification of the Level Set Method as well as using a 
diffusion filter for boundary image detection. The proposed method has better detection performance than the 
conventional method [4] with the standard speed function in terms of the detection accuracy and number of 
iterations. 
In future works, we plan to use this method for medical images, such as Intravascular Ultrasound images 
and hand-bone radiographs. 
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(a)  (a)   
  
(b)  (b)   
 
(c)  (c)   
  
(d)  (d)   
Fig. 7.  Results for boundary detection for image 1. (a) The 
previous method [4]; (b) diffusion filter with standard 
speed function )|),(|1/(1 2yxIg  ; (c) the proposed 
method with 302 )]1/(1[ normGg   ; (d) the proposed method 
with )30exp( 2normGg  . 
Fig. 8.  Results for boundary detection for image 2. (a) The 
previous method [4]; (b) diffusion filter with standard speed 
function )|),(|1/(1 2yxIg  ; (c) the proposed method with 
302 )]1/(1[ normGg   ; (d) the proposed method with 
)30exp( 2normGg  . 
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(a)  (b)  
  
(c)  (d)  
Fig. 9. Speed function values of image 1. (a)  The previous method [4]; (b) diffusion filter  with standard speed 
function )|),(|1/(1 2yxIg  ; (c) the proposed method with 302 )]1/(1[ normGg  ; (d) the proposed method with )30exp( 2normGg  . 
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